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Microarray experiments allow us to study the expression patterns of thousands of 
genes simultaneously. They provide deep insight into molecular evolution and how 
structure and function interrelate in a genome. 
Our study investigates whether neighboring and clustering genes in the 
zebrafish genome are co-expressed or not using the Affymetrix microarray data. 
Tandem duplicated genes are found to have a higher degree of co-expression than 
other neighboring genes in the analysis. The data sets also show a significant pattern 
of co-expression, after we remove the tandem duplicates. 
A further analysis of the data set relates to the effect of intergenic distance, as 
we can predict that genes that are closer to each other would have a greater degree of 
co-expression than those that are more distant in the genome. A significant correlation 
between distance and co-expression is found, either with or without the inclusion of 
tandem duplicates. 
We also study the positional clustering of genes in the zebrafish genome. A 
significant trend for large clusters is recognized, and positional clustering of co-
expressed, non-homologous genes indicates the existence of some high order 
regulatory level of gene expression. The correlation of positional clustering of genes 
and the co-expression level of neighboring genes is also studied in chapter 3. A 
positive correlation between the significance of positional clustering and the degree of 
neighboring gene co-expression is found in the genome. 
 IV
Finally, we study the co-expression of genes with their gene ontology 
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1.1 Gene and Gene Expression 
 
DNA (deoxyribonucleic acid) is a double-helical molecular that contains all 
genetic information that a cell has. In eukaryotes, DNA is contained in nucleus, 
whereas in prokaryotes, the nucleus is absent, and the DNA resides in the 
cytoplasm. Each strand of the DNA double-helix is a sequence of four distinct 
types of nucleotides, joined together by sugar-phosphate linkages between 
consecutive nucleotides. The four distinct nucleotides are adenine (A), cytosine 
(C), guanine (G), and thymine (T). The bases form hydrogen bonds with other 
bases in a specific way: G pairs with C, and T pairs with A. The bases in each pair 
are said to be complementary to each other. Each base in one strand of the DNA 
molecular is paired with its complementary base in the other strand. Such pairs of 
hydrogen bonded bases are often called base pairs (bps), and the DNA can thus be 
considered as a sequence of base pairs over the alphabet { }, , ,A C G T∑ = . DNA 
sequences are often represented by the sequence of bases in one of the strands, 
since this completely determines the base sequence in the other strand. There is 
chemical asymmetry between the two ends of any DNA strand, which provides 
direction to the sequence. The sequence is usually written from the 5’ end of the 
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Figure 1: The double-helical DNA molecular. Each strand of the DNA double-
helix is a sequence of four distinct types of nucleotides (A, C, G, T), joined 
together by sugar-phosphate linkages between consecutive nucleotides. The bases 
form hydrogen bonds with other bases as: G pairs with C, and T pairs with A. 
Each base in one strand of the DNA molecular is paired with its complementary 
base in the other strand. Such pairs of hydrogen bonded bases are called base pairs 
(bps), and the DNA can thus be considered as a sequence of base pairs over the 
alphabet { }, , ,A C G T∑ = . 1 
                                                 
1 This image is taken from http://www.accessexcellence.org/RC/VL/GG/dna2.html. 
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DNA is the carrier of genetic information. However, only parts of its 
sequence carry such information. The important information is stored in different 
loci that are interspersed throughout the sequence. The most important kind of 
information is stored in short segments called genes. Genes are the actual carriers 
of most of hereditary information, which guides the construction of proteins (such 
as enzymes) and other molecules (such as rRNA and tRNA) that determine the 
growth and functioning of the organism. 
Proteins are constructed from linear sequences of smaller molecules called 
amino acids. There are twenty naturally occurring amino acids. Thousands of 
types of proteins are present in the different cells of an organism. Long proteins 
may contain as many as 4500 amino acids, so the space of possible proteins is 
approximately 204500. Proteins also fold up to form particular three dimensional 
structures, which give them their specific chemical functionality. They act as 
crucial enzymatic components of several reactions, processing signals arriving at 
the cell from outside, participating in cell differentiation and tissue development, 
and regulating the production of other proteins among other functions. 
A cell manufactures the proteins it needs, since the exact blueprint of each 
protein is encoded in a gene in the DNA that the cell has. Figure 2 illustrates this 
process, which takes place in multiple stages. 
In the first stage, called transcription, the coding sequence is processed 
from one end to another by a protein-complex called the RNA (RiboNucleic Acid) 
polymerase II. The protein complex traverses the DNA in a specific direction, 
separating the two strands locally, and copying one of the strands, one nucleotide 
at a time, to construct a molecule called mRNA. mRNA is an RNA molecule, 
which, like DNA, is a polymer of nucleotides. Unlike DNA, RNA is single 
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stranded, uses ribose instead of deoxyribose as the sugar in the backbone, and uses 
the nucleotide uracil (U) instead of thymine (T). The mRNA transcript produced 
by copying the DNA is complementary in sequence to the strand that was copied 
(with U instead of T). The mRNA is the messenger that carries information from 
the DNA to the ribosome, where the protein is produced. 
The ribosome is a complex of many proteins anchoring RNA molecules, 
and is the site for the next major stage of protein production, called translation. 
Here the mRNA sequence is processed linearly, three nucleotides at a time, to 
produce a chain of amino acids. Each successive triplet of nucleotides in mRNA, 
called a codon, is translated into a specific amino acid, according to the universal 
genetic code. More than one codon may translate to the same amino acid. The 
translation of a nucleotide-triplet into a specific amino acid is mediated by a 
molecule called tRNA (transfer RNA), which is capable of recognizing a specific 
codon, as well as recruiting a specific amino acid. The chain of amino acids 
formed as a result of translation is a polypeptide that folds to a specific three-
dimensional structure giving the protein its final form. 
Thus, transcription and translation are the two major steps in the flow of 
information from a gene to a protein. This flow is one-way: the genetic 
information can go from nucleic acid to proteins, or from nucleic acid to other 
nucleic acid, but never from protein to nucleic acid or protein to protein. 
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Figure 2: Process whereby DNA encodes for the production of amino acids and 
proteins: transcription and translation. 1 
1. Transcription: Before the synthesis of a protein begins, the corresponding RNA 
molecule is produced by RNA transcription. One strand of the DNA double helix 
is used as a template by the RNA polymerase to synthesize an mRNA. This 
mRNA migrates from the nucleus to the cytoplasm. During this step, mRNA goes 
through different types of maturation including one called splicing when the non-
coding sequences are eliminated. The coding mRNA sequence is described as a 
unit of three nucleotides called a codon;  
2. Translation: The ribosome binds to the mRNA at the start codon (AUG) that is 
recognized only by the initiator tRNA. The ribosome proceeds to the elongation 
phase of protein synthesis. During this stage, complexes, composed of an amino 
acid linked to tRNA, sequentially bind to the appropriate codon in mRNA by 
forming complementary base pairs with the tRNA anticodon. The ribosome 
moves from codon to codon along the mRNA. Amino acids are added one by one, 
translated into polypeptidic sequences dictated by DNA and represented by 
mRNA. At the end, a release factor binds to the stop codon, terminating 
translation and releasing the complete polypeptide from the ribosome. 
                                                 
1 This image is taken from http://www.accessexcellence.org/RC/VL/GG/protein_synthesis.html. 
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Gene expression is the process by which a gene’s information is converted 
into the structures and functions of a cell. It is a multi-step process that begins 
with transcription and translation and is followed by folding, post-translational 
modification and targeting. The amount of protein that a cell expresses depends on 
the tissue, the development stage of the organism and the metabolic or physiologic 
state of the cell. 
Indirectly, the expression of particular genes may be assessed with DNA 
microarray technology, which will be introduced in the next session. Microarray 
technology provides a rough measure of the cellular concentration of different 
mRNAs, often thousands at a time. A more sensitive and more accurate method of 
relative gene expression measurement is Real-Time PCR. With carefully 
constructed standard curve it can produce an absolute measurement, in number of 
copies of mRNA per nanolitre of homogenized tissue, or in number of copies of 
mRNA per total poly-A RNA. 
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1.2 Microarray Technology  
 
A DNA microarray is a collection of microscopic DNA spots attached to a solid 
surface, such as glass or silicon chip forming an array, which is used to measure 
the expression levels of large numbers of genes simultaneously. The affixed DNA 
segments are known as probes, thousands of which can be placed in a single DNA 
microarray. Affymetrix arrays use short oligonucleotide probes of 25 or fewer 
bases, and are often referred to as high-density oligonucleotide microarrays. Other 
varieties of microarrays use as probes PCR products, genomic DNA, Bacterial 
artificial chromosomes, plasmids, or longer (35 to 70 base) oligonucleotides. 
Microarrays can be fabricated using a variety of technologies, including printing 
with fine-pointed pins onto glass slides, ink-jet printing, photolithography using 
pre-made masks, photolithography using dynamic micromirror devices, or 
electrochemistry on microelectrode arrays. The most common use of microarrays 
is to quantify mRNAs transcribed from different genes and which encode different 
proteins. RNA is extracted from many cells, ideally from a single cell type, then 
converted to cDNA or cRNA. The copies are amplified by RT-PCR. Fluorescent 
tags are enzymatically incorporated into the newly synthesized cDNA/cRNA or 
can be chemically attached to the new strands of DNA or RNA. A cDNA or 
cRNA molecule that contains a sequence complementary to one of the single-
stranded probe sequences on the array will hybridize, via base pairing (more at 
DNA), to the spot at which the complementary probes are affixed. The spot will 
then fluoresce (or glow) when examined using a microarray scanner. 
POSITIONAL CLUSTERING AND CO-EXPRESSION ANALYSIS 
 9
Increased or decreased fluorescence intensity indicates that cells in the 
sample have recently transcribed, or ceased transcription, of a gene that contains 
the probed sequence. The intensity of the fluorescence is roughly proportional to 
the number of copies of a particular mRNA that were present and thus roughly 
indicates the activity or expression level of that gene. Arrays can paint a picture or 
“profile” of which genes in the genome are active in a particular cell type and 
under a particular condition. 
 
 
Figure 3: Design of Affymetrix GeneChip Expression Analysis System. 
 
Although the chips detect RNAs that may or may not be translated into 
active proteins, scientists refer to these kinds of analysis as “expression analysis” 
or expression profiling. Since there are hundreds or thousands of distinct probes 
on an array, each microarray experiment can accomplish the equivalent of 
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thousands of genetic tests in parallel. Arrays have therefore dramatically 
accelerated many types of investigations. 
Microarrays are also being used to identify genetic variation in individuals 
and across populations. Short oligonucleotide arrays can be used to identify the 
Single Nucleotide Polymorphisms (SNPs) that are thought to be responsible for 
genetic variation and the source of susceptibility to genetically caused diseases. 
Generally termed “genotyping” applications, chips may be used in this fashion for 
forensic applications, rapidly discovering or measuring genetic predisposition to 
disease, or identifying DNA-based drug candidates. These SNP microarrays are 
also being used to profile somatic mutations in cancer, specifically loss of 
heterozygosity events and amplifications and deletions of regions of DNA. 
Amplifications and deletions are also being evaluated by Comparative Genomic 
Hybridization (CGH) arrays, which measure chromosome copy number changes 
at a higher resolution level than conventional chromosome-based comparative 
genomic hybridization (CGH). Resequencing arrays have also been developed to 
sequence portions of the genome in individuals. These arrays may be used to 
evaluate germline mutations in individuals, or somatic mutations in cancer. 
GeneChip probe arrays are manufactured using technology that combines 
photolithography and combination chemistry (Sambrook et al. 1989). Up to 1.3 
million different oligo probes are synthesized on each array. Each oligo is located 
in a specific area on the array, which is called probe cell. Each probe cell contains 
millions of copies of a given oligo. 
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1.3 Measuring Gene Expression Data   
 
During the laboratory procedure, biotin-labeled RNA or DNA fragments referred 
to as the “target” are hybridized to the probe array. The hybridized probe array is 
stained with streptavidin phycoerythrin conjugate and scanned by the GeneChip 
Scanner 3000. The amount of light emitted at 570 nm is proportional to the bound 
target at each location on the probe array. 
Once the probe array is scanned, the workstation running Affymetrix 
Microarray Suite Version 5.0 (MAS5) can define the probe cells and compute 
intensity for each cell. Each complete probe array image is stored in a separate 
data file identified by the experiment name, and is saved with a data image file 
(.dat) extension. The data image file is then analyzed using Affymetrix MAS5 on 
probe intensities, and results are reported in tabular and graphical formats. 
In the results reported, the Detection p-value is generated by the Detection 
algorithm to evaluate against user-definable cut-offs to determine the Detection 
Call, which is either Present, Marginal or Absent. These calls indicate whether a 
transcript is reliably detectable (Present) or undetectable (Absent or Marginal). 
Additionally, a Signal value is calculated as a measure of the abundance of the 
transcript. 
In the Detection algorithm, each probe cell in a probe set is considered as 
having a potential vote, which is described by discrimination score (R). It 
measures the target-specific intensity difference of the probe pair (PM-MM) 
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The discrimination score is then compared to a predefined threshold (Tau), which 
is a small positive number that can be adjusted to increase or decrease sensitivity 
and/or specificity of the analysis (default value is 0.015). The One-Sided 
Wilcoxon’s Signed Rank test is then employed to generate the Detection p-value, 
which determines the detection call of the measured transcript. This statistical 
method assigns each probe pair a rank based on how far its discrimination score is 
from Tau. The greater the discrimination scores calculated for a given probe set 
that are above Tau, the smaller the p-value and the more likely the given transcript 
is truly Present in the sample. The detection p-value associated with this test 
reflects the confidence of the Detection call. 
Signal is a quantitative metric calculated for each probe set, which 
represents the relative level of expression of a transcript. It is calculated using the 
One-Step Tukey’s Biweight Estimate, which yields a robust weighted mean that is 
relatively insensitive to outliers, even when extreme. 
Similar to the Detection algorithm, each probe pair in a probe set is 
considered as having a potential vote in determining the signal value. The vote is 
defined as an estimate of the real signal due to hybridization of the target. The 
mismatch intensity is used to estimate stray signal. The real signal is estimated by 
taking the log of the Perfect Match intensity after subtracting the stray signal 
estimate. The probe pair vote is weighted more strongly if this probe pair Signal 
value is closer to the median value for a probe set. Once the weight of each probe 
pair is determined, the mean of the weighted intensity values for a probe set is 
identified. This mean value is corrected back to linear scale and is output as Signal. 
 




Co-expression Analysis and Positional Clustering 
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2.1 Gene Co-expression Analysis 
 
Prokaryotic and eukaryotic cells are two different classes. The major difference 
between prokaryotes and eukaryotes is that eukaryotic cells have a nucleus and 
membrane-bound organelles, while prokaryotic cells do not have. The organelles 
of eukaryotes allow them to exhibit much higher levels of intracellular division of 
labor than is possible in prokaryotic cells.  
Prokaryotes use a simple system to regulate the expression of their genes. 
Genes belonging to the same functional pathways are often packaged into operons, 
which are transcribed into a single mRNA. However, operons appear to be very 
rare in eukaryotes and have only been discovered in a few organisms, most 
notably nematode worms (Zorio, et al. 1994; Blumenthal, 1998; Blumenthal et al. 
2002). It is estimated that 15% of genes are contained in operons within 
Caenorhabditis elegans. Despite the absence of operons, eukaryotes are still 
capable of a very fine level of control over gene transcription. Genes appear to be 
transcribed individually and scattered on chromosomes, which is accomplished 
through the use of transcription factors that do not require the co-transcribed genes 
to be in close proximity to each other (Niehrs and Pollet, 1999). 
Nowadays, large-scale analysis of expression data from eukaryotic 
organisms reveals interesting and novel patterns of genomic organization. The 
public databases of microarray data are growing rapidly. Microarray database 
allows other researchers to confirm the results that have been published by the 
authors of the data. It also permits novel analyses of the data, which could go 
beyond what was envisioned at the time of the original study. 
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Most existing studies analyzed multiple independently collected 
microarray data sets. They focused on differential expression, comparing two or 
more similar data sets to look for genes that distinguish different sets of samples 
(Breitling et al. 2002; Rhodes et al. 2002; Yuen et al. 2002; Choi et al. 2003; 
Detours et al. 2003; Ramaswamy et al. 2003; Sorlie et al. 2003; Xin et al. 2003). 
Rhodes et al. (2002) demonstrated a statistical model for performing meta-
analysis of independent microarray datasets. They revealed that four prostate 
cancer gene expression datasets shared significantly similar results, independent 
of the method and technology used. Their cross-validation approach generated a 
cohort of genes that were consistently and significantly dysregulated in prostate 
cancer.  
Another type of comparison is exemplified by a study that examined the 
variability of expression for individual genes in different human and mouse data 
sets (Lee et al. 2002). These studies exploited the availability of multiple data sets 
to identify more robust sets of genes than would be found using a single data set. 
Microarray data can also be used to exploit gene co-expression instead of 
differential expression. In this aspect, genes that have similar expression patterns 
across a set of samples are hypothesized to have a functional relationship. It has 
been shown in a number of studies that co-expression is correlated with functional 
relationships, such as physical interaction between the encoded proteins, though 
co-expression does not necessarily imply a causal relationship among transcript 
levels (Eisen et al. 1998; Ge et al. 2001; Jansen et al. 2002; Kemmeren et al. 2002).  
Because the microarray data is noisy, the researchers study the 
reproducibility of co-expression patterns between microarray data sets. A recent 
study identified a subset of co-expression patterns that were common to multiple 
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model organisms (Stuart et al. 2003). A direct comparison of two closely related 
mouse brain data sets showed a high degree of reproducibility of expression 
profiles between the studies as long as the data were stringently filtered prior to 
analysis (Dabrowski et al. 2003). In contrast to the positive findings of Dabrowski, 
a study comparing two data sets, both obtained from the National Cancer Institute 
reference tumor cell lines (NCI-60) but on two different microarray platforms, 
found that clustering results were not reproducible (Kuo et al. 2002). 
The clustering of co-expressed, non-homologous genes on chromosomes 
implies their co-regulation. In lower eukaryotes, co-expressed genes are often 
found in pairs, such as in Saccharomyces cerevisiae (Cohen et al. 2000; Cho et al. 
1998), Plasmodium falciparum (Florens et al. 2002), and Caenorhabditis elegans 
(Blumenthal 1995; Roy et al. 2002; Lercher et al. 2003). The clustering of genes 
that share aspects of transcriptional regulation has also been reported in higher 
eukaryotes, such as Drosophila melanogaster (Spellman et al. 2002; Boutanaev et 
al. 2002), Arabidopsis thaliana (Birnbaum et al. 2003; Elizabeth and Dianna 
2004), Homo sapiens (Lercher et al. 2002; Caron et al. 2001), and Mus musculus 
(Li et al. 2005). 
Several large-scale analyses of expression data in eukaryotes have shown 
that neighboring genes tend to have similar expression patterns. Regional 
similarity in expression has been found in Homo sapiens (Caron et al. 1995), 
Drosophila (Spellman et al. 2002), yeast (Kruglyak et al. 2000) and 
Caenorhabditis elegans (Lercher et al. 2003) for neighborhood genes. The 
observations on co-expression of neighboring genes are based on data gained from 
a variety of experimental techniques, including Serial Analysis of Gene 
Expression (Lercher et al. 2002), DNA microarray data (Spellman et al. 2002), as 
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well as data derived from gene annotation, such as Gene Ontology and pathway 
assignation (Lee et al. 2003). 
In our study, we describe an analysis of neighboring gene co-expression in 
the zebrafish microarray data sets, and investigate how genome organization 
affects the expression of genes in the zebrafish genome. We find the correlated 
expression patterns in multiple data sets, and assess the functional relevance of the 
co-expression patterns we have detected. This confirmation of correlated 
expression provides a useful way to improve the confidence in the neighboring 
gene co-expression and high-order regulatory level of gene expression in the 
zebrafish genome. We further investigate reasons for neighboring gene co-
expression in the zebrafish genome, and our evidence suggests that orientation and 
intergenic distance of gene pairs play a significant role. 
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2.2 Positional Clustering 
 
Genes are not randomly distributed on chromosomes. The clustering of co-
expressed homologous genes could be explained by the evolutionary history of the 
genomic region. The probable mechanism in this case includes local duplications 
and divergence of amplified copies, resulting in an array of paralogues that may 
retain common regulatory elements, which control the gene expression level. 
Cohen et al. (2000) observed that adjacent pairs of genes, as well as nearby 
non-adjacent pairs of genes show correlated expression independent of their 
orientation in Saccharomyces cerecisiae using chromosome correlation maps. 
Chromosome correlation maps display correlations between the expression 
patterns of genes on the same chromosome. Cohen and his colleagues observed 
that the closer the two genes, the more likely that they would be co-expressed. A 
substantial number of adjacent pairs had correlated expression patterns. In 
addition to adjacent correlated genes, correlation maps often revealed regularly 
spaced groups of correlated genes along the chromosomes that may be indicative 
of higher-order chromosome structure. They suggested that in certain 
chromosomal expression domains, an upstream activating sequence could 
influence the transcription of genes that were not immediately downstream from it. 
Roy et al. (2002) observed chromosomal clustering of muscle-expressed 
genes in Caenorhabditis elegans. A method called messenger RNA tagging was 
developed to isolate muscle mRNA so that they could examine the chromosomal 
positions of the genes expressed in the muscle cells of Caenorabdities elegans. 
The basis of mRNA tagging is to use a characterized promoter to express an 
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epitope-tagged mRNA-binding protein in tissues of interest. Messenger RNA 
from specific tissues would co-immunoprecipitate with mRNA-binding protein by 
using an anti-epitope monoclonal antibody. DNA microarrays were used to 
identify mRNAs that have been enriched by co-immunoprecipitation. Using this 
method, they revealed that co-expressed genes in Caenorabdities elegans were 
clustered in groups of 2-5 genes along the chromosome even after removal of 
operons and tandemly duplicated genes.  
Martin J. Lercher et al. (2003) analyzed the relationship between gene 
location and expression in Caenorabdities elegans and found that co-expression of 
neighboring genes in Caenorabdities elegans was mostly due to operons and 
duplicated genes. Besides, at a very local level, nonduplicated genes on opposite 
strands showed similar expression patterns (hence not in operons). This suggests 
that such genes may share regulatory elements or be regulated at the level of 
chromatin structure.  
Spellman et al. (2002) found that when genes were organized according to 
their positions along the chromosome, numerous groups of physically adjacent 
genes shared strikingly similar expression profile. They obtained Drosophila 
gene-expression profile using oligonucleotide microarrays. Each group contains 
from 10 to 20 genes and these clustered genes account for 20% of the total 
assayed genes. Majority of these clusters consist of genes with unrelated functions. 
By mapping Expressed Sequence Tags (EST) back to Drosophila genome, 
Alexander et al. obtained EST representation profile for specific tissues. They 
performed a genome-wide analysis of chromosomal distribution of co-expressed 
tissue-specific genes in Drosophila. Totally 1661 testes-specific genes were 
identified, one third of which are clustered on chromosomes. The number of 
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clusters of three or more genes is much higher than expected by chance. They also 
found the unusual distribution of testes-specific genes on the X chromosome. 
Clusters on X chromosome were not discernible from stochastic distribution. 
Lee et al. (2004) found genes that were reliably co-expressed in multiple 
human data sets established a high-confidence gene network that was connected 
by co-expression links. They confirmed that co-expression in multiple data sets 
was correlated with functional relatedness, and showed how cluster analysis of the 
network can reveal functionally coherent groups of genes. 
In most of the literatures, testing for non-random clustering of specific 
genes is done by simulation, which starts with formulating a test function, and 
then generates a random genome and calculates the test function for many times. 
The whole process generates the null distribution of the test function. The real 
value of the test function is then compared with the null distribution. 
Besides the various simulations, alternative analytic test methods are used 
by researchers for non-random clustering of specific genes. Neighborhood model 
is one of these methods, which was studied by Durand and Sankoff (2003). Under 
their model, two testis-specific genes are defined in a cluster if and only if there is 
a series of the testis-specific genes locating between them, such that the distance 
between any two successive testis-specific genes in the series is less than a 
specified threshold (D).  In this study, a max-gap cluster is defined to be a cluster 
in the neighborhood model. Hoberman, Sankoff and Durand (2005) showed that 
the exact probability that all the m interesting genes form a max-gap cluster with 









POSITIONAL CLUSTERING AND CO-EXPRESSION ANALYSIS 
 21
where )1( −+= mDmw  and  



























A dynamic programming algorithm was presented for computing the probability 
of observing a cluster of h (out of m) interesting genes in a chromosome that 
contains N genes. 
In an independent study of testes-specific gene clustering, Li, Lee and 
Zhang (2005) used the neighborhood model in the mouse genome. To incorporate 
the variance of gene density in different regions on a chromosome, each 
chromosome is divided into disjoint regions of a fixed length (L). Instead of 
finding exact probability, they estimated the p-values using the Poisson 
approximation. Consider a length L-region containing N genes in total. By Poisson 
approximation theory, the p-value of a cluster with n tissue-specific genes in that 
region is about (1-eND/L)n, the probability that a cluster has more than n genes in 
that region.  
In the zebrafish genome, we perform a genome-wide analysis of the genes, 
in order to identify the positional clustering of the co-expressing genes. We 
evaluate the positional clustering of genes using neighborhood model. We define 
clusters using the distance between two neighboring genes along the chromosome. 
Two genes are in a cluster if there is a series of genes between them such that the 
distance between the two neighboring genes in the series is less than a specified 
distance. To incorporate the variance of gene density in different regions on a 
chromosome, we divide a chromosome into segments of length L so that genes on 
such a segment are roughly uniformly distributed, and analyze the significance of 
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a cluster within the segment according to the number N of all the genes in the 
segment and the values of L and D. 
Assuming the start position of a gene is uniformly distributed in a segment 
of length L, it falls in an interval (x, x+D) in the segment with the probability D/L. 
Thus, the number of genes that fall in this interval has a binomial distribution with 
mean N*D/L. In our case, D/L is smaller than 0.1. This distribution is 
approximately Poisson with mean N*D/L. Here we use this approximation in our 
analysis. The Poisson approximation implies that the number of the genes that 
falls in a randomly chosen interval of length D has a Poisson distribution with 
mean m=ND/L, and so the probability that at least one gene falls in this interval is 
1-e-m. 
Suppose g1, g2, …, gn form a cluster in the segment. Then, all the distances 
of two successive genes are less than D. Thus, the number of genes in a cluster 
minus one has a geometric distribution with p=1- e-m. This implies that the 
probability that a cluster has n genes is (1-p)pn-1, n=0,1,2,…. Hence, the p-value of 
a cluster with n genes is the probability that a cluster has more than n genes, 
which is pn (Li et al. 2005). The resulting p-value indicates the significance of the 
cluster obtained. 
  




Co-expression Analysis of Neighboring Genes 
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Several large-scale analyses of expression data in eukaryotes have shown that 
neighboring genes tend to have similar expression patterns. Regional similarity in 
expression has been found in Homo sapiens (Caron et al. 1995), Drosophila 
(Spellman et al. 2002), yeast (Kruglyak et al. 2000) and Caenorhabditis elegans 
(Lercher et al. 2003) for neighborhood genes. There are a number of potential 
causes for neighboring genes in a genome to have similar expression patterns. 
Firstly, duplicated genes often remain neighbors, and given their common 
ancestry, are likely to have similar expression patterns. Secondly, neighboring 
genes in prokaryotes genomes, particularly those that are functionally related, are 
often found in operons. It is possible that genes involved in a particular metabolic 
pathway will be found to be clustered in other higher eukaryotes. Thirdly, even in 
the absence of coordinate regulation, the close proximity of neighboring genes in 
eukaryotic genomes could result in sharing of cis-regulatory elements such as 
enhancers or insulators, leading to a similarity in their expression patterns. 
Fourthly, there may be a selective advantage for co-expressed genes to be in the 
same chromosomal domain (Elizabeth and Dianna 2004). Lastly, in eukaryotes, 
DNA double helix is tightly bounded to histone protein to form a super coiled 
structure called nucleosome. Local unwrapping histone from the DNA double 
helix might not only expose the target gene to the transcription complex but the 
neighboring genes as well. 
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3.1 Data Preparation 
 
Microarray Data Collection  
The Affymetrix GeneChip Zebrafish Genome Array is designed to study gene 
expression of over 14900 Danio rerio transcripts. The sequence information for 
the array is selected from the following public data sources: RefSeq (July 2003), 
GeneBank (release 136.0, June 2003), dbEST (July 2003), and UniGene (Build 54, 
June 2003). 1  Oligonucleotide probes complementary to each corresponding 
sequence are synthesized in situ on the arrays. Sixteen pairs of oligonucleotide 
probes are used to measure the level of transcription of each sequence represented 
on the GeneChip Zebrafish Genome Array. 
The Affymetrix GeneChip expression data is collected from the Lab of 
Functional Genomics, Institute of Molecular and Cell Biology, Singapore. 
Twenty-two sets of zebrafish microarray data are used in the study.  They are 
collected from eight experiments to study the cell cycle control and apoptosis in 
different zebrafish tissues. The original study is to study the def (digestive-organ 
expansion factor) gene and the defhi429 mutant in zebrafish in order to show how 
the p53 pathway functions during organogenesis. Chen et al. (2005) present 
evidence to show that the zebrafish def gene encodes a novel pan-endoderm-
specific factor. Total RNA for Affymetrix array is extracted from 5 dpf (d post-
fertilization) wild-type and defhi429 mutant embryos, respectively, using TRIzol 
(GIBCO-BRL, USA) and treated with DNase I. cDNA synthesis, RNA probe 
labeling, target hybridization, washing, and staining are performed following 
                                                 
1 http://www.affymetrix.com/products/arrays/specific/zebrafish.affx 
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Affymetrix's instructions. The GeneChip arrays are scanned on an Affymetrix 
probe array scanner.  
Among the twenty-two chips, we eliminate the gene from the data sets if it 
is absent or marginal in all these twenty-two chips. After this elimination process, 
15617 genes remain for the further analysis.  
 
Locating expressed genes in Zebrafish genome 
The identities of genes across microarray data sets are established using public 
annotations, primarily based on the Ensembl database. In order to identify 
chromosomal locations of these genes, we download the zebrafish exemplar 
sequences from Affymetrix website 1 , and perform the BLAST analysis with 
Ensembl database.  
We extract the mapping between Affymetrix tag and Ensembl gene ID, 
together with the chromosomal location information. After this procedure, 7993 
zebrafish Affymetrix tags are mapped to the unique location on the zebrafish 
genome, which are annotated with positional information including chromosome 
number, starting and ending base pair as well as strand. 
 
Identifying tandem duplicates 
Tandem duplicates are the duplicated genes that are frequently located in physical 
proximity to each other. They are expected to have similar expression profiles 
resulting from their common history, and may give rise to a trivial clustering 
effect of co-expressed genes. In order to remove the effect of local duplication, we 
conduct an all-against-all BLAST search on all the genes, by counting any pair of 
                                                 
1 http://www.affymetrix.com/Auth/analysis/downloads/data/Zebrafish_consensus.zip 
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genes within one million base pairs of each other on the same chromosome that 
show sequence similarity, with minimum cut off Expect (E) value of e-5 and 
belong to the same protein family (http://www.ensembl.org/Multi/martview) as a 
tandem duplicate, then remove one member of each pair of tandem duplicates. As 
a result, 519 tandem duplicates are then found and removed, resulting in a final 
data set of 7474 genes for the further analysis. 
  
Table 1: Distribution of genes and tandem duplicates on each chromosome 
Chromosome 
Number  
# including tandem 
duplicates 
# of tandem 
duplicates 
# excluding tandem 
duplicates 
1 477 34 443 
2 387 12 375 
3 330 19 311 
4 242 14 228 
5 481 42 439 
6 228 19 209 
7 423 31 392 
8 260 8 252 
9 322 17 305 
10 299 21 278 
11 263 10 253 
12 255 19 236 
13 300 14 286 
14 429 36 393 
15 274 26 248 
16 348 18 330 
17 319 25 294 
18 287 21 266 
19 387 25 362 
20 433 26 407 
21 279 17 262 
22 268 18 250 
23 335 24 311 
24 186 16 170 
25 181 7 174 
Total 7993 519 7474 
 
. 
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3.2 Detecting Local Similarity in Expression 
 
The level of co-expression between two genes is defined as the Pearson’s 
correlation coefficient (R) of the expression level for these genes across all 
experiments. The correlation coefficient measures the extent of linear association 

























where xi and yi are the signals of the paired genes on the i-th array, x  and y  are 
the mean signals of the paired genes across all the arrays. The correlation 
coefficient takes between -1.0 and +1.0, where the positive (negative) value 
indicates the paired genes are positively (negatively) correlated in their expression 
pattern, and R being zero means there is no correlation between the paired genes. 
In order to test the pairwise local similarity of expression in the zebrafish 
genome, we sort the data sets according to their physical positions in each 
chromosome, and calculate the correlation coefficient for each pair of adjacent 
genes. The mean R value for each pair of neighboring genes is calculated, as an 
indicator to the pairwise local similarity of expression in the whole genome 
(Figure 4). For the duplicate-free data set of 7474 genes, the average correlation 
coefficient is 0.03547 according to our calculation, which indicates the positive 
correlation of expression for the neighboring genes in the zebrafish genome. 
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Figure 4: Histogram of mean R values of neighboring pairs of genes from the data 
set without tandem duplicates. The actual mean R value is 0.03547. 
 
We also calculate the mean R for the Affymetrix arrays including tandem 
duplicates. The mean R value is 0.05812. To determine whether mean R values of 
these two data sets are statistically equal, we perform a two-sample student’s t-test. 
The variances of R values for both data sets are unequal, as the variance of the 
data set with tandem duplicates is 0.1824, and the variance of the one without 









where 21S  and 
2
2S  are sample variances of R values, and the degrees of freedom 
are approximated by 
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The mean R value of the data set with tandem duplicates (0.05812) is 
significantly larger than that of the duplicate-free data set (0.03547) with p-value 
0.000382, as shown in Table 2, which suggests that tandem duplicates could be a 
significant cause of the co-expression of neighboring genes in the zebrafish 
genome. 
 
Table 2: Results of two-sample student’s t-test, assuming that the variances of R 
values for both data sets are unequal 
 




Hypothesized Mean Difference 0 
df 15453 
t Stat 3.366289 
P(T<=t) one-tail 0.000382 
t Critical one-tail 1.644953 
 
Therefore, proving our early assumption and to determine the extent of this 
effect, the mean co-expression of the duplicate-free data set is calculated and 
compared with randomized data sets. 
To measure the correlation of randomized data sets, we calculate the mean 
R value for ten randomized distributions of the data. To generate each randomized 
distribution of the data, we assign random numbers that are uniformly distributed 
between -1 and 1 as indices of these genes, and then we sort the gene list 
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descendingly by these indices. The resulting gene list will be randomly distributed 
with their chromosomal locations. The mean R value of ten such randomized 
distributions is 0.01987, which is positive rather than being zero. This is probably 
because of the influence of housekeeping genes showing common patterns of 
expression in many different tissues and experimental conditions, thereby shifting 
the mean R into the positive.  
To investigate whether the correlation continues beyond neighboring gene 
pairs into clusters of increasing size, non-overlapping blocks of two to fifteen 
genes are considered, and the results are shown in Figure 5. Data from the 
Affymetrix arrays except tandem duplicates is shown. The difference in degree of 
co-expression between real and randomized data sets remains significant for all 
block sizes. For non-overlapping blocks of two to nine genes, there is a clear, 
gradual decrease in co-expression. Beyond this, there is no further clear decrease 
in co-expression, and this continued for block sizes of up to 15 genes. This implies 
that in the zebrafish genome, there may be clusters of up to 15 genes that are 
usually co-expressed. It is possible that the statistical significance of these results 
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Figure 5: Using the Affymetrix data set without tandem duplicates, the mean R 
value for non-overlapping windows of neighboring genes (2 to 15 genes in size) 
was plotted against the cluster size. The mean R value from 10 random sets of 
gene clusters (two to fifteen genes in size) was also plotted. 
 
In order to determine whether there was a direct correlation between 
intergenic distance and degree of co-expression, we place each pair of genes in 
bins according to their intergenic distance. If there is a correlation between 
proximity and degree of co-expression, genes that are closer together would have 
a higher co-expression than genes that are further away. We use R-square to 
measure how successful the fit is in explaining the variation of the data. 
R-square, also called the coefficient of determination, is defined as the 
ratio of the sum of squares explained by a regression model and the total sum of 
squares around the mean (variance in the data).  






1 1 1 1
n n n
j ij j ij
j j j
i
n n n n
j j ij ij
j j j j
n T P T P
R
n T T n P P
= = =
= = = =
⎛ ⎞⋅ − ⋅⎜ ⎟⎝ ⎠= ⎡ ⎤ ⎡ ⎤⎛ ⎞ ⎛ ⎞⎢ ⎥ ⎢ ⎥− ⋅ −⎜ ⎟ ⎜ ⎟⎢ ⎥ ⎢ ⎥⎝ ⎠ ⎝ ⎠⎣ ⎦ ⎣ ⎦
∑ ∑ ∑
∑ ∑ ∑ ∑
, 
where Pij is the value predicted by the individual program i for sample case j (out 
of n sample cases), and Tj is the target value for sample case j. 
The R-square value ranges from -1 to 1 and reflects the extent of a linear 
relationship between two data sets. It is an indicator of how well the model fits the 
data. For example, an R-square close to 1.0 indicates that we have accounted for 
almost all of the variability with the variables specified in the model. 
Applying the regression analysis to the data set without positional 
overlapping genes, we find the result is not consistent with our expectation. The R 
Square is 2.027×10-3 for the data set without tandem duplicates, while it is 
1.320×10-3 for the data set with tandem duplicates. Further limiting the intergenic 
distance of gene pairs up to 15kbp, the R Square improves insignificantly to 
2.543×10-3 for the data set without tandem duplicates. It means there is not likely 
significant correlation between co-expression and intergenic distance of gene pairs.  
However, after we bin the gene pairs (up to 15kb apart) according to their 
intergenic distance, for the data set without tandem duplicates, we find the 
evidence that genes that are closer together would have a higher co-expression 
than genes that are further away. The R square increases significantly to 0.0893, 
compared to earlier results. Further looking at gene pairs with intergenic distance 
up to 6kb, a significant correlation (R2=0.7256) is observed between co-
expression and intergenic distance. The mean R values are especially large 
(0.3404 and 0.2087) for gene pairs with intergenic distance 1kb and 2kb. The 
POSITIONAL CLUSTERING AND CO-EXPRESSION ANALYSIS 
 34
correlation between co-expression and gene distance is no longer found to be 
significant when intergenic distance of gene pairs is larger than 6kb.  
 











1 2 3 4 5 6 7 8 9 10 11 12 13 14 15









Figure 6: Change of mean R value with intergenic distance. Gene pairs that are up 
to 15 kb apart were binned according to their intergenic distances, for the data set 
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Figure 7: Change of mean R value with intergenic distance. Gene pairs that are up 
to 6 kb apart were binned according to their intergenic distances, for the data set 
without tandem duplicates. 
 
We know that genes in a genome can be transcribed in one of two 
directions and therefore pairs of genes can be orientated in three alternative 
combinations as follows: divergent transcription, convergent transcription, or 
parallel transcription.  Gene orientation has been examined in a number of studies 
for its relationship to degree of co-expression. Here, we study the effect of gene 
orientation on co-expression of neighboring genes in the zebrafish genome. 
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Figure 8: Pairwise comparisons of neighboring genes according to                      
the orientation of transcription, before and after the remove of neighboring  
genes whose intergenic distances are greater than 15kbp. 
 
After indexing genes by the strand information from Ensembl database, we 
find that the pairs of genes with parallel orientation of transcription at the 5’ strand 
have a similar degree of co-expression with those at the 3’ strand, as shown in 
Figure 8. We also find that the mean R values for neighboring genes within the 
same strand is higher compared to neighboring genes from either stand, which 
implies the high co-expression level of neighboring genes within the same strand. 
Basically, the neighboring genes with shorter intergenic distance have 
much higher level of co-expression, compared to neighboring genes with larger 
intergenic distance. 
In order to further investigate the correlation of intergenic distance and 
gene co-expression, we removed the neighboring genes whose intergenic 
distances are greater than 15kbp. The resulting mean R values appeared extremely 
large compared to the mean R values of neighboring genes before the remove, as 
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shown in Figure 8. It implies intergenic distance plays an important role in gene 
co-expression for neighboring genes with parallel orientation of transcription.  
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3.3 Positional Clustering of Co-expressed Genes 
 
In the zebrafish genome, we perform a genome-wide analysis of the genes, in 
order to identify the positional clustering of the co-expressing genes. We evaluate 
the positional clustering of neighboring genes using the neighborhood model, 
assuming that neighboring genes within a specified distance (D) are in the same 
cluster if the p-value (p) is less than a specified threshold. We conduct the 
statistical analysis with four different values of D (25K, 50K, 75K, and 100K), 
and different p-values. 
When the window size is 1 mbp (million base pairs) and 2mbp, the 
neighboring genes within region size of 25,000 base pairs (25K) generally have 
larger mean R value for each p-value than neighboring genes within other region 
sizes, as shown in Figure 9 and Figure 10. The mean R values of neighboring 
genes within region sizes of 50K, 75K and 100K however are not significantly 
different. For each specified region size, the average R value across the whole 
chromosomes is gradually decreasing when we increase the cut-off p-value of 
positional clustering. 
This can be explained by the fact that neighboring genes within 25K are 
generally more co-expressed, compared with the genes within 50K or larger 
distance. When region size is 50K or larger, region size is not considered as a 
determining factor of the co-expression level. There is also a negative correlation 
between the significance level of positional clustering and the co-expression level 
of neighboring genes. 
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Figure 9: Change of mean R value of neighboring genes across the whole 
chromosomes with p-value of positional clustering, for different region sizes 
within window size of 1mbp. 
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Figure 10: Change of mean R value of neighboring genes across the whole 
chromosomes with p-value of positional clustering, for different region sizes 
within window size of 2mbp. 
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To further study the correlation of mean R values and region sizes, we take 
the average R values of clustered neighboring genes across all the 25 
chromosomes for each region size. After we calculate the average R values of 
genes across the 25 chromosomes, we get the mean R values for each region size 
as shown in Table 3. The mean R value for region size 25K is the largest, which is 
0.08796. When the region size gets larger, the mean R value decreases gradually. 
The mean R values of neighboring genes within region sizes of 50K, 75K and 
100K are close to each other. It reflects that the neighboring genes within region 
size of 25K show relatively high level of co-expression, while the genes within 
region size of 50K or larger do not show the explicit difference of neighboring 
gene co-expression, as shown in Figure 11. The result is consistent with our 
earlier finding, when we take the p-values into consideration.  
  























Figure 11: Change of mean R value with different region sizes of  
25K, 50K, 75K and 100K. 
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Table 3: Change of mean R value of neighboring genes across the whole 
chromosomes, with different region sizes of 25K, 50K, 75K and 100K. 
 
Chromosome Number 25K 50K 75K 100K 
1 0.1608 0.1211 0.0887 0.0963 
2 0.1116 0.0989 0.0717 0.0648 
3 0.1940 0.0726 0.0589 0.0584 
4 0.0390 0.0780 0.0603 0.0391 
5 0.0948 0.0769 0.0437 0.0517 
6 0.0529 0.0035 0.0091 0.0619 
7 0.1788 0.1127 0.0936 0.0890 
8 0.0242 0.0024 -0.0093 0.0015 
9 0.1064 0.0683 0.0357 0.0172 
10 0.0169 0.0280 0.0230 0.0372 
11 0.0186 0.0471 0.0628 0.0393 
12 0.2051 0.1446 0.1361 0.1633 
13 0.0515 0.0483 0.0500 0.0476 
14 0.0687 0.1097 0.0840 0.0455 
15 0.1250 0.0475 0.0533 0.0177 
16 0.0809 0.0341 0.0709 0.0586 
17 0.0563 0.0413 0.0616 0.0641 
18 -0.0635 -0.0282 0.0161 0.0365 
19 0.0429 0.0589 0.0719 0.0314 
20 0.0718 0.0444 0.0450 0.0711 
21 0.1815 0.0320 0.0260 0.0420 
22 0.0484 0.1093 0.0957 0.0837 
23 0.1173 0.0617 0.0756 0.0276 
24 0.0583 0.0727 0.1021 0.1773 
25 0.1232 0.0619 0.0777 0.0873 
Average 0.08796 0.06436 0.06007 0.05831 
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After the analysis of region size effect to the co-expression level of 
neighboring genes, we further investigate the correlation of cluster size and the 
mean R value. Here we calculate the average R values of neighboring genes with 
different cluster sizes across the whole chromosomes. The result, in Table 4, 
shows that the mean R value gets larger when we increase the respective cluster 
size. Within the specific region size, a larger cluster size means a higher intensity 
of neighboring genes in the chromosome. Therefore, the result implies a positive 
correlation between the gene intensity and the co-expression level of neighboring 
genes, for each specific region size.  
 
Table 4: The mean R values of neighboring genes from positional clusters of 
different sizes across the whole chromosomes, with different region sizes. 
 
Cluster Size 25K 50K 75K 100K Raw 
3 0.0644 0.0493 0.0446 0.0366 0.0531 
4 0.0789 0.0348 0.0380 0.0472 0.0530 
5 0.1490 0.0787 0.0712 0.0539 0.0474 
6 0.0461 0.0503 0.0567 0.0464 0.0451 
7 0.2286 0.0362 0.0341 0.0642 0.0428 
8 0.1493 0.1399 0.0437 0.0386 0.0431 
9 0.0929 0.0263 0.0952 0.0351 0.0381 
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Figure 12: Change of mean R values for different p-values of positional clustering 
across the whole chromosomes, with different region sizes. 
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Figure 13: Change of mean R values for different p-values (<0.1) of positional 
clustering across the whole chromosomes, with different region sizes. 
 
POSITIONAL CLUSTERING AND CO-EXPRESSION ANALYSIS 
 44
When we perform more analysis on the correlation between the co-
expression level of neighboring genes and the p-value of positional clustering 
(Figure 12), we are surprised to find that the mean R value does not show strong 
correlation with the p-value within the range of 0 to 0.16. However, the mean R 
value of neighboring genes within the 25K region size increases significantly to 
0.5 at the p-value of 0.16, compared to the maximal R value of 0.1 at other p-
values. After we study the clusters with different cut-off p-values, we find there is 
only one cluster with cut-off p-value of 0.16, while there are several clusters for 
each cut-off p-value less than 0.16. The large R value of 0.5 does not provide us 
the evidence of high correlation between co-expression level and p-value of 
positional clustering. 
After a further study on correlation between co-expression of neighboring 
genes and p-values (<0.1) of positional clustering (Figure 13), we find that the 
mean R value of neighboring genes within the 25K region size is generally larger 
than those of larger region sizes, although the trend is not distinctive. 
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Figure 14(a): Change of mean R value with p -








































Figure 14(b): Change of mean R value with p -
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Figure 14(c): Change of mean R value with p -











































Figure 14(d): Change of mean R value with p -









































Figure 14: Change of mean R values with different p-values of positional 
clustering, for different region sizes of 100K, 75K, 50K and 25K.  
 
Also, we perform the analysis on the correlation between the mean R value 
of neighboring genes and the p-value of positional clustering, for each specific 
region size, as shown in Figure 14.  
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With the increase in region size, the p-value of positional clustering 
becomes larger. This implies that the positional clustering is less significant when 
we increase the region size, because the gene intensity becomes smaller for a 
larger region size. For each specific region size, the mean R value is 
comparatively small when the p-value of positional clustering is small, while the 
mean R value is significantly increased for a smaller p-value of positional 
clustering. It indicates a positive correlation between the significance of positional 
clustering and the level of neighboring gene co-expression.  
Co-expression of neighboring genes can also take place through the genes 
sharing a common function or from the same metabolic or regulatory pathway. It 
has been shown in Arabidopsis (Birnbaum et al. 2003), and other eukaryotes (Lee 
et al. 2003).  
We further the analysis by investigating the genes with similar gene 
ontology information. We use the NetAffx Gene Ontology (GO) Mining Tool 
(https://www.affymetrix.com/support/technical/manual/go_manual.affx) to review 
a listing of GO terms that are associated with the active probe sets list. Among the 
7474 genes queried for annotation, 2458 genes are successfully annotated with 
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Table 5: The average R values for genes from different categories of  
molecular function. 
 
Molecular Function Number of Genes Average R value 
antioxidant activity 9 -0.1256 
binding 1618 0.0253 
catalytic activity 1003 0.0019 
enzyme regulator activity 69 -0.0179 
motor activity 17 0.2346 
signal transducer activity 273 0.1039 
structural molecular activity 135 0.0973 
transcription regulator activity 321 0.1365 
translation regulator activity 41 0.0128 
transporter activity 236 0.0585 
 
 
We study the classification based on the first level of the Gene Ontology 
information at the molecular function branch (Table 5). The genes that have 
similar molecular functions in motor activity, signal transducer activity, structural 
molecular activity and transcription regulator activity are generally more co-
expressed, compared to the genes that are in the other molecular function 
categories. It verifies our earlier assumption that molecular function plays an 
important role in the co-expression level of neighboring genes. 
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3.4 Results and Findings 
 
Our results have verified that neighboring genes in the zebrafish genome are co-
expressed, from the Affymetrix microarray data for the statistical analysis. 
Tandem duplicates are found to have a higher degree of co-expression than other 
neighboring genes in our analysis. The data set continues to show a significant 
pattern of co-expression, after we remove the tandem duplicates.  
A further analysis of the data set relates to the effect of intergenic distance, 
as we can predict that genes that are closer to each other would have a greater 
degree of co-expression than those that are more distant in the genome. A 
significant correlation between distance and co-expression is found, either with or 
without the inclusion of tandem duplicates. 
We also retrieve the positional clustering of genes in the zebrafish genome. 
A significant trend for large clusters is recognized, and positional clustering of co-
expressed, non-homologous genes indicates the existence of some higher order in 
regulation of gene expression. The correlation of positional clustering of genes 
and the co-expression level of neighboring genes is also studied.  
Finally we study the co-expression of neighboring genes with their gene 
ontology information, and find the molecular function plays an important role in 






Birnbaum K, Shasha DE, Wang JY, et al. A gene expression map of the 
Arabidopsis root. Science 302:1956-1960, 2003. 
 
Blumenthal, T. Gene clusters and polycistronic transcription in eukaryotes. 
Bioessays 20:480–487, 1998. 
 
Blumenthal, T. Trans-splicing and polycistronic transcription in Caenorhabditis 
elegans. Trends Genetics 11: 132-136, 1995. 
 
Blumenthal, T., D. Evans, C. D. Link, et al. A global analysis of Caenorhabditis 
elegans operons. Nature 417:851–854, 2002. 
 
Boutanaev AM, Kalmykova AI, Shevelyov YY, Nurminsky DI. Large clusters of 
co-expressed genes in the Drosophila genome. Nature 420:666-669, 2002. 
 
Breitling, R., Sharif, O., Hartman, M.L., and Krisans, S.K. Loss of 
compartmentalization causes misregulation of lysine biosynthesis in peroxisome-
deficient yeast cells. Eukaryot. Cell 1: 978–986, 2002. 
 
Caron, H., Peter, M., Vansluis, P., et al. Evidence for 2 tumor-suppressor loci on 
chromosomal bands-1p35-36 involved in neuroblastoma-one probably imprinted, 
 51
another associated with n-myc amplification. Human Molecular Genetics 4: 535-
539, 1995. 
 
Caron H, van Schaik B, van der Mee M, et al. The human transcriptome map: 
clustering of highly expressed genes in chromosomal domains. Science 291:1289-
1292, 2001. 
 
Chen, J., Ruan, H., Ng, S.M., et al. Loss of function of def selectively up-regulates 
{Delta}113p53 expression to arrest expansion growth of digestive organs in 
zebrafish. Genes Dev. 19: 2900-2911, 2005. 
 
Choi, J.K., Yu, U., Kim, S., and Yoo, O.J. Combining multiple microarray studies 
and modeling interstudy variation. Bioinformatics (Suppl.) 19: I84–I90, 2003.. 
 
Cho RJ, Campbell MJ, Winzeler EA, et al. A genome-wide transcriptional 
analysis of the mitotic cell cycle. Molecular Cell 2: 65-73, 1998. 
 
Cohen BA, Mitra RD, Hughes JD, Church GM. A computational analysis of 
whole- genome expression data reveals chromosomal domains of gene expression. 
Nature Genetics 26:183-186, 2000. 
 
Dabrowski, M., Aerts, S., Van Hummelen, P., et al. Gene profiling of 
hippocampal neuronal culture. J. Neurochem. 85: 1279–1288, 2003. 
 
 52
Detours, V., Dumont, J.E., Bersini, H., and Maenhaut, C. Integration and cross-
validation of high-throughput gene expression data: Comparing heterogeneous 
data sets. FEBS Lett. 546: 98–102, 2003. 
 
Durand D, Sankoff D. Tests for gene clustering. J. Comput. Biol. 10: 453-482, 
2003. 
 
Eisen, M.B., Spellman, P.T., Brown, P.O., and Botstein, D. Cluster analysis and 
display of genome-wide expression patterns. Proc. Natl. Acad. Sci. 95: 14863–
14868, 1998. 
 
Elizabeth, J.B.W. and Dianna J.B. Co-expression of Neighboring Genes in the 
Genome of Arabidopsis thaliana. Genome Research 14: 1060-1067, 2004. 
 
Florens L, Washburn MP, Raine JD, et al. A proteomic view of the Plasmodium 
Falciparum life cycle. Nature 419:520-6, 2002. 
 
G Bourque, LX Zhang, Models and Methods in Comparative Genomics, to appear 
in Advances in Computer Science, 2006. 
 
Ge, H., Liu, Z., Church, G.M., and Vidal, M. Correlation between transcriptome 
and interactome mapping data from Saccharomyces cerevisiae. Nature Genetics 
29: 482–486, 2001. 
 
 53
Hoberman, H., Sankoff, D., and Durand, D. The Statistical Analysis of Spatially 
Clustered Genes under the Maximum Gap Criterion. Journal of Computational 
Biology 12(8): 1081-1100, 2005. 
 
Jansen, R., Greenbaum, D., and Gerstein, M. Relating whole-genome expression 
data with protein–protein interactions. Genome Research 12: 37–46, 2002. 
 
J. Lo, S.C. Lee, M. Xu, et al. 15,000 Unique Zebrafish EST clusters and their 
future use in microarray for profiling gene expression patterns during 
embryogenesis. Genome Research 13: 455-466, 2003. 
 
Kemmeren, P., van Berkum, N.L., Vilo, J., et al. Protein interaction verification 
and functional annotation by integrated analysis of genome-scale data. Mol. Cell 9: 
1133–1143, 2002. 
 
Kruglyak, S., and H. Tang. Regulation of adjacent yeast genes. Trends Genet. 
16:109–111, 2000. 
 
Kuo, W.P., Jenssen, T.K., Butte, A.J., et al. Analysis of matched mRNA 
measurements from two different microarray technologies. Bioinformatics 18: 
405–412, 2002. 
 
Lee, H.K., Hsu, A.K., Sajdak, J., et al. Coexpression Analysis of Human Genes 
Across Many Microarray Data Sets. Genome Research 14: 1085-1094, 2004. 
 
 54
Lee, J.M. and Sonnhammer, E.L. Genomic gene clustering analysis of pathways 
in eukaryotes. Genome Research 13: 875–882, 2003. 
 
Lercher MJ, Blumenthal T, Laurence DH. Co-expression of neighboring genes in 
Caenorhabditis Elegans is mostly due to operons and duplicate genes. Genome 
Research 13:238-243, 2003. 
 
Lercher MJ, Urrutia A, Hurst LD. Clustering of housekeeping genes provided a 
unified model of gene order in the human genome. Nature Genetics 31:180-183, 
2002. 
 
Niehrs, C., and N. Pollet. Synexpression groups in eukaryotes. Nature 402:483–
487, 1999. 
 
Q. Li, B.T.K. Lee and L. Zhang: Genome-scale analysis of positional clustering of 
mouse testis-specific genes, BMC Genomics 6:7, 2005. 
 
Ramaswamy, S., Ross, K.N., Lander, E.S., and Golub, T.R. A molecular signature 
of metastasis in primary solid tumors. Nature Genetics 33: 49–54, 2003. 
 
Rhodes, D.R., Barrette, T.R., Rubin, M.A., et al. Meta-analysis of microarrays: 
Interstudy validation of gene expression profiles reveals pathway dysregulation in 
prostate cancer. Cancer Research 62: 4427–4433, 2002. 
 
 55
Rose Hoberman, David Sankoff, and Durand D. The statistical analysis of 
spatially clustered genes under the maximum gap criterion. J. Comput. Biol. 12: 
1083-1102, 2005. 
 
Roy PJ, Stuart JM, Lund J, Kim SK. Chromosomal clustering of muscle expressed 
genes in Caenorhabditis elegans. Nature 418:975-979, 2002. 
 
Sambrook, J., Fritsch, E.F., Maniatis, T. Molecular Cloning: A Laboratory 
Manual, v.1 Cold Spring Harbor Laboratory Press, Cold Spring Harbor, NY p21-
52, 1989. 
 
Sorlie, T., Tibshirani, R., Parker, J., et al.. Repeated observation of breast tumor 
subtypes in independent gene expression data sets. Proc. Natl. Acad. Sci. 100: 
8418–8423, 2003. 
 
Spellman, P.T. and Rubin, G.M. Evidence for large domains of similarly 
expressed genes in the Drosophila genome. Journal of Biology 1: 5, 2002. 
 
Stuart, J.M., Segal, E., Koller, D., and Kim, S.K. A gene-co-expression network 
for global discovery of conserved genetic modules. Science 302: 249–255, 2003. 
 
Xin, W., Rhodes, D.R., Ingold, C., et al. Dysregulation of the annexin family 




Yuen, T., Wurmbach, E., Pfeffer, R.L., et al. Accuracy and calibration of 
commercial oligonucleotide and custom cDNA microarrays. Nucleic Acids 
Research 30: e48, 2002. 
 
Zorio, D. A., N. N. Cheng, T. Blumenthal, and J. Spieth. Operons as a common 
form of chromosomal organization in C. elegans. Nature 372:270–272, 1994. 
 
